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Workshop plan

Building a 1,000-Song Naturalistic EEG Dataset

Part | From To Contents Dur

1 09:00 | 09:45 Introduction 45m
""""""""" > 1000 1045  Anaysis | 45m
""""""""" 3 1100 1145 Design | 4sm
""""""""" 4 1200 1245 ~ Management | 45m
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Pre-survey result
N=5

What is your role?
5 responses

@ Student or Research Assistants
@ Postdoc or Staff Scientists
() Independent Researcher in
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Pre-survey result
N=5

How familiar/experienced are you with the naturalistic neuroimaging datasets? (e.g., THINGS,

Natural Scence Dataset, Narrative Dataset)
S responses

4
3
2
1
1(20%)
0 ((|)%) 0 (?%) 0 ((?%)
0

1 2 3 - 5



MAX PLANCK INSTITUTE @' Gl
FOR EMPRICAL AESTHETICS cay

Pre-survey result
N=5

How familiar/experienced are you with the encoding analysis (i.e., ridge regression with the FIR
models)?

O responses

; 3 (60%)
2
1
1 (20%)
0 (o|%) 0 (C|J%)
0

1 2 3 - S
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Pre-survey result
N=5

How familiar/experienced are you with the stimulus feature modeling (from sensory to semantic

features)?
S responses

2

0 (0%) 0 (0%)




MAX PLANCK INSTITUTE @' G
FOR EMP RICAL AESTHETICS Iy

Pre-survey result
N=5

Which computing languages are you familiar with?
S responses

5 (100%)

2 (40%)

Julia £ [0 (0%)

0 1 2 3 2 5
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| ¢« = e defshort_intro(person): + m .

def short_intro(person): Q %+ I %

1 def short_intro(person):
2 print(f"NAME={person.name}, TEAM={person.teams[@]}, ROLE=
{person.teams[@].roles[@]}, PASSION_PROJECT={person.projects
[@] .name}")
for person in EVERYONE:
short_intro(person)
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Workshop plan

Building a 1,000-Song Naturalistic EEG Dataset

Part | From To Contents Dur

1 09:00 | 09:45 Introduction 45m
""""""""" > 1000 1045  Anaysis | 45m
""""""""" 3 1100 1145 Design | 4sm
""""""""" 4 1200 1245 ~ Management | 45m




(( lL 5 |
0 ‘?f &y X 'l

MAX PLANCK INSTITUTE @l
FOR EMP RICAL AESTHETICS \_/ Q":/

Naturalistic Stimuli for Music Research

2): But what do you mean by "naturalistic"?
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https://voxpopulisphere.com/2015/11/01/audio-what-ancient-greek-rhusic-actually-sounded-like/
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How does music evoke emotions via the brain?
Neuroscientific view

Behavior




SOUND DEMO: J. S. Bach Prelude No.3 in C# major (BWV 848), consonant & dissonant

Traditional approach: music vs. "non-music"

Music J’J’J’ * )  Behavior
1 — , | I Cons
a) .
g 05| | Consonant § 8 B Diss
- ==
2 0 56
S D#3 D#4 D#5 @
2 S 4
2 . @
£ Dissonant = |
g 0.5} < E .
P \
0 0
D#3 D#4 D#5 1 2 3 4
Pitch Unpleasantness rating

“Dissonant” stimuli were rated more unpleasant.

# stimuli per condition = 20, stimulus duration = 30 s, # subjects =23 (25.9 yo; 13 F)

Kim et al., 2017, Sci Rep. 13
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Traditional approach: music vs. "non-music"

ABOLD = 3, + (3;ARating + error

Inferior colliculus

Peak at
[9.5, -29.5, -13] mm |
1 1.5 2 2.5
A Rating

BOLD activation in the inferior colliculus (IC) decreased more in
Individuals who rated dissonant versions worse.
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https://doi.org/10.1038/s41598-017-06105-2
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Traditional approach: music vs. "non-music"

Psycho-Physiological Interaction (PPI) Cross-correlation
(€) Dissonant - Consonant
0.2} |
-0.2
20 0 20
m 1, JemAC
5 T T T 0.2
10 [l = o s 0
YR | ———
20 | 4 '.H:q | -0..
Inferior C— 1T
colliculus =20 0 Tzo
Lag [s] —Ac > IC

The IC decoupled more from the left auditory cortex (top-down) in
Individuals who rated dissonant versions worse.
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https://doi.org/10.1038/s41598-017-06105-2

Limitations of controlled stimuli

Ceteris paribus... and the subject is not listening.

Disruptive manipulations: validity, generalisability, & specificity?

“%/: But what else can we do?

16



REVIEW: Kim, 2022, https://doi.org/10.3389/fnins.2022.92884 1
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Alternative approach: "naturalistic neuroimaging"

Embracing complexity for ecological validity

¢ Gibson, 1978, The Ecological Approach to the Visual Perception of Pictures, Leonardo.

¢ Rieke, 1995, Naturalistic Stimuli Increase the Rate and Efficiency of Information
Transmission by Primary Auditory Afferents, Proceedings of the Royal Society B.

¢ Theunissen et al., 2000, Spectral-Temporal Receptive Fields of
Nonlinear Auditory Neurons Obtained Using Natural Sounds,
Journal of Neuroscience.

Hasson et al., 2004, Intersubject Synchronization of Cortical Activity During
Natural Vision, Science. I

Kay et al., 2008, Identifying Natural Images From Human Brain Activity, Nature. T
| | |

Mesgarani et al., 2014, Phonetic Feature Encoding in Human Superior Temporal Gyrus, Science. T
| | | |

Huth et al., 2016, Natural Speech Reveals the Semantic Maps That Tile Human Cerebral Cortex, Nature. T
| | | |

Hamilton & Huth, 2020, The Revolution Will Not Be Controlled: Natural
Stimuli in Speech Neuroscience, Language, Cognition and Neuroscience.

1980 1990 2000 2010 2020
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https://doi.org/10.3389/fnins.2022.928841

Theunissen et al.,

2000, https://doi.org/10.1523/JNEUROSCI.20-06-02315.2000
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Receptive field mapping of a conspecific calls
Invasive recording of local field potential of neurons

18
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Receptive field mapping of a conspecific calls
Invasive recording of local field potential of neurons

Theunissen et al., 2000, https://doi.org/10.1523/JNEUROSCI.20-06-02315.2000 MAX PLANCK INSTITUTE C’ ‘
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Semantic representation in the whole cortex

Non-invasive scanning of functional MRI (local paramagnetism)

Huth et al., 2016, https://doi.org/10.1038/nature1 7637 MAX PLANCK INSTITUTE @ |

a Voxel-wise model estimation b Voxel-wise model validation
Naturally spoken stories were played for 7 subjects . A new story was then played for each subject
o —
4’1/ _f(f rj'\<'. rj-\
— A’ T 1 /( J | e g St /( ) (
by l o
] Estimated regression weights were o -’
Co-occurrence was found between each word l used to predict responses l
in the stories and 985 common words
. Regression BOLD Semantic Model New BOLD
, Semantic features weights responses v features predictions responses
ADOVE' MM AR —;, y 0 0.7_ kA Rkl ‘Above’ T _ o 0.7— < T
: ' w '
D.ance. W""'"WW "M y 21 =221 _ i D.ance. x |15 =21 =32 _ N < > W
Man' Fskm st vk ¢ Y1 04 =27 ' Sk Man’ v 11 04 =27 Correlation |
‘Seven’ A ; 0.8 -3.7 RN ‘Seven' My 1.7 0.8 -3.7 [y < v > sy
} i - - | i F l — - ° i " } i
125 min 125 min 11 min 11 min  Prediction 44 i
performance
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https://doi.org/10.1038/nature17637
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https://doi.org/10.1038/nature17637

Di Liberto et al.,

Temporal response function of melodic surprisal
Non-invasive recording of EEG (scalp potential) D ,

Amplitude

<=
=1
)
-

2020, https://doi.org/10.7554/eLife.51784

Surprise

B = R =~ = R =
U l|l T
—

G ———
——

Music representation

Entropy

S &
(Tl
-
<
B4

EEG

B i it U S
ettt e\ i g -

AR 'ww.'.\‘f"a

S ) 2 A S SR

JECE

TRF at channel n

'ql
|
-/\\\ / \\‘,
IVI

Time lags

T

Cortical tracking

Acoustics
(A)
i Acoustics
and
Melodic expectation
Vielodic (AM)
expectation
(M)
Hypothesis
EEG tracking of
] melodic expectation
A AM

Music representation

23

A

—

Prediction correlation (r)

-

0.05 |

All subjects

=

MAX PLANCK INSTITUTE

IC

L EMP RIC

AL AESTHE

Fz

0

200 400

Cz

0

200 400

Pz

0

200 400

Latency (ms)

/ .
Kg)‘v“'«'
4.\;}"' a4 y ‘.‘

K

l I
-1
Normalised
TRF weights


https://doi.org/10.7554/eLife.51784

MAX PLANCK INSTITUTE @ |

EMP RICAL AESTHETIC

'\

Any questions so far?
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Example: abstraction gradient of
musical information (in prep)
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What in the music evoke emotions via the brain?

Emotion




Symbol-domain models
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Modeling on MIDI notes: n-gram modeling (e.g., PPM, HMM),
deep neural networks (e.g., Melody RNN, MusicRNN, Music Transformer)

A B
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Cheung et al., 2019, Current Biology.
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Audio-domain models

(Pre-DNN) Music
information retrieval (MIR)

Auditory models: simulated activity of models: acoustic features
peripheral and central auditory neurons relevant to music database
Spectrogram Joint Modulation  Joint fregency-specific mm»
— selective filters — V]
g:c 24 == <=~ i»'l""m"""
p W wi |
e 14 2 S\ - S
-
5 os i 4N | e fo
s 3 -1 1 3
w (Hz) :

Mostly cochlear and primary auditory cortex activity.

28



VGG-ish: a VGG-like CNN for audio classification
Data: YouTube-100M (100M video data labeled with >

"topics” from 30K labels)

Loss: audio-based label (updated) vs. video-based

annotations (fixed)

---------------------------------------------------------------------------------------------------------

Semantic audio models
VGGish (Hershey et al., 2017, ICASSP)

VGG (Visual Geometry Group, Oxford University):
a CNN for image classification

64 128

256

256

512

512

convl conv2

S R R S R R R R T R R R R R R

conv3

conv4

VGGish

[ v (I ).‘}Aw"- |
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Table 1: Example labels from the 30K set.

LabelpnorExampleLdbels

0.1...0.2 Song. Music. Game, Sports, Performance
0.01...0.1 Singing, Car, Chordophone, Speech
~ 107%  Custom Motorcycle, Retaining Wall
~. 107"  Cormorant, Lecturer

Trumpet

Guitar ]
Guitarist §
lusical ns
enordophorlie
Song s

.
yboard )
Brophone

By m ', Jice
Computer Qomp®nent — 1

A possible mid/high-level representation of sounds
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CNN embedding for music emotion recognition
Potentially mid/high-level representation of music signal

Classifiers (SVM, NB, RF, ...) based on MFCC/VGGish/L3 embeddings to predict
recognised emotional categories

(a) 4Q Audio Emotion B [ 3-Net

100 (c) Emotion in Music

s VGGish 100
s MFCCs
80 - a0 -
g o g -
2 ©
o S
¥ 40 - g 40-
20 - 20 -
0 0 -
SVM NB RF MLP CNN RNN r MLP CNN RNN
ClaSSifiel’ MNacefiar

Koh & Dubnov, 2021, ACA

Deep audio semantic models carry more information related to
expressed emotions than a traditional audio descriptor.

30



SOUND DEMO

Example: Expressive vs. Mechanical
Chapin et al., 201 0, PLOS ONE_ ) .Exp.ressivc-,i> Meéhanical -

[EXPRESSIVE]: "Frédéric Chopin's Etude in E major, Op.10, No. 3 was
performed by an undergraduate piano major (female, 22 years old) on a & :
Kawai CA 950 digital piano” Chapin et &l 2010, PLOS One.

J
(WY
(O]
(O

Amplitude [dB]

b
v
o

'
N
(O
o

: 16 . 6 8
Time [s]: t = 17.892 sec

[MECHANICAL]: "The MIDI (Musical Instrument Digital Interface) onset

velocity (key pressure) of each note (correlating with sound level) was
set to 64 (range 0-128), and pedal information was eliminated."”

Audio source: https://doi.org/10.1371/journal.pone.0013812
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SOUND DEMO
Example: Expressive vs. Mechanical

VGGish representations at various layers (from 1 to 23)

LO1:InputBatch LO2:convl L18:fc1 1 L23:EmbeddingBatch
Expressive " . |
Mechanical
N
£ .
- . gy, .
-? b W\n:.o 4 "‘ o . " €
v - g By g W \ - o :'0.
g .v ) .{ - .’ ® 4
MDS-dimil
)
100 ©
P
S
-200 &
<T

Time [s]: t = 17.942 sec

Audio source: https://doi.org/10.1371/journal.pone.0013812
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SOUND DEMO

Example: Queen. (1975). Bohemian Rhapsody

VGGish representations at various layers (from 1 to 23)

LO1:InputBatch LO2:convl L18:fcl1 1 L23:EmbeddingBatch

Is this the real life?.. o«
Mama, just killed a man.. |
| see a little silhouetto..

ol |So do you think you..

E |Nothing really matters.. i

o . .

© g N
I J s

wv I

(=

=

—8000 ' W , ; " S 3
T 6000 i Y r ! o 'f.f .p:{h"w;‘“ i | N
4000 Il LML e A : f{"‘ htm ) E ol gl 11 0 -100 &
QJ A .:zl: | 'u e TR I T N \ | ey oty i) '." "; i
[eled " I mw s TN .-
0 6 100 156 200 250 300 350 =

| Time [s]: t = 321.829 sec
Audio source: (c) EMI



Research Questions

Human brains * Q1: Would increasingly
abstract representations
of music in different layers
of the CNN be encoded
along the cortical gradient
axis of abstraction?

e Q2: How do layer-specific
CNN embeddings predict
human behavioral ratings
of musical emotions?

Computational models

Kim, 2022. Front. Neurosci.
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Original study

Sachs et al., 2020, Neurolmage.

Inter-subject correlation during a "sad" piece of music: r ~ [0, 0. 16] cluster-P < 0.05

I S 3 & *&* "* '*”” ﬁa

886808066660



SOUND DEMO: Musical stimuli used in Sachs et al., 2020

Stimuli
Sachs et al., 2020, Neurolmage.

 Happy [2 min 48 sec]: Lullatone's "Race against the Sunset”
 Sad-short [4 min 16 sec]: Olafur Arnalds's "Frysta"

» Sad-long [8 min 35 sec]: Michael Kamen's "Discovery of the Camp”

happy sadsh sadin
6/ BrRRE ' Lo oh ' | 2 gf | '
N (Mhponin 5 13N 4 el
X 47 et 4t - ' 41 ¥ I | | [
o an Jd 1! B AL mi . Ny 1 | .||l l' |
z." N MELERICEE | EROEY Lo
L ' [“lu ¥ "l__-l.-l.'l,'lll' " T L ] : |
0 5 | | ' 0 0 : : 1. 00 : : 0 ] 1T . L0 ue ; 1.
0 50 100 150 0 50 100 150 200 250 0 100 200 300 400 500
Time [s] Time [s] Time [s]

Kim et al., In prep.
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Participants & protocol
Sachs et al., 2020, Neurolmage.

* N =40 (21 female, mean age = 24.1 + 6.24 from LA)

o Unfamiliar with 3 stimuli and reported "intended" emotions from 60-s excerpts

Passive listening with eyes open Rating with a slider

"The intensity of felt sadness
or happiness” (Emotionality)

"The intensity of enjoyment”
(Enjoyment)
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Layer-specific encoding analysis

How do we map VGGish-layer-specific encoding on the cortex?

Independent voxel-wise Prediction accuracies
layer-specific encoding models across layers of a voxel

a Neural responses b

y D =F,(Xby +& - ry = corr(j?&z),y(z)) - '0';'_ :
yD = F,(XD)b, + & = 1, = corr(3Y, y@) --.--':--.-- |
y D =F, (XMW )by +& - 13 = corr(?gz),y(z)) S, -
: - Ml
g |
o © .
Model features o
-0. 2 | C (.: C C‘: CRC

YO = Fou(XM by + £ = 128 = CO”@gi), y@)
E VGGish layer#

0
5 10 15 20 f

Kim et al., In prep. 38
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Topography of CNN-layer-specific encoding )/ &

-11 Y =

‘ Y =9 Y =
PC2 [17%] | PC3 [12%]

o 0.4 . -
cC
g 1 0.2 i NI [ [ ]| | ]
: .| IR
e 0 2L : , : , O 01 M RGRMCR. > R_ -0.21, , , : 1 o
5 10 15 20 5 10 15 20 5 10 15 20
Vggish layer# Vggish layer# Vggish layer#
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RSFC G1 vs. the "best"” CNN-layer map

Functional gradient #1 [a;]

I T - - - o Best layer (lags=4..6s) 1%7: '
500 - o [ Sereea— i ——— ] 500 & o
Is it "just" because of o > o b 20 T

] . r=0.155, P < 0.001
fMRI noise structures? @

J -
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- eessssss 1900 :
| 5 10 15 20 S@OI II ‘
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=
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-
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Centroid lay

e — 1 [ — |
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r = 0.260, P < 0.001

A - Deeper CNN-layer embedding is encoded in
Centrotd layer (lags=-6..-4s) "transmodal" cortical areas.
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Distinctive patterns of emotional ratings
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Workshop plan

Building a 1,000-Song Naturalistic EEG Dataset

Part | From To Contents Dur

1 09:00 | 09:45 Introduction 45m
""""""""" > 1000 1045  Anaysis | 45m
""""""""" 5 1100 1145 Design | 45m
""""""""" 4 1200 1245 ~ Management | 45m
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Methods (WHYSs):
Linearised Encoding Analysis
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How can we understand a nonlinear system?

Let's say we magically know what the brain does:

System Response

Y =S+ E

(IXV) (1XV) (IXV)

Stimulus
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Let's also say we (somehow) know a nonlinear function that
allows us a linear mapping

X3 RRY
(£X1) (1Xv)

@ -8 —

Stimulus Model Features Response

Y =9S) B + E
(1xXv)  (ixp) (X)) (1xv)




Linearised encoding analysis

A linear time-invariant system identification

 The method is widely known as "system Y
identification”: we separate a nonlinear
transform (stim—resp) into a simpler Y

nonlinear transform (stim—feat) and a
linear transform (feat—resp).

 How the stimulus is linearised (by which
function) is your hypothesis.

OO0

 Then, the rest is to recover a linear filter s -
("convolution kernel") that transforms J}J’ —> o, —P—P 0
features & (S) to response Y. @

his means the hypothesis is FALSIFIABLE!
@®: X but &
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): But what if the internal
process takes unknown time?
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Topic 1: Finite iImpulse response modeling

Modeling (neural) system delays

y, = bO + xtbl + ¢ v(t) is only influenced by x(t)
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Topic 1: Finite iImpulse response modeling

Modeling (neural) system delays

v, =by+xb; + € y(t) is only influenced by Xx(t)

Ve = by +xb+x,_D)+e€ y(t) is influenced by x(t) and x(t-1)
Y1 1 X1 X0 b() €1
Y21 _ 1 ).62 X b | + «.€2
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Topic 1: Finite iImpulse response modeling

Modeling (neural) system delays
y, = bO + xtbl + ¢ v(t) is only influenced by x(t)
y, = by + x,b+x,_by+e€ y(t) is influenced by x(t) and x(t-1)

y, = by + x,b; + x,_b,+x,_,b:+€ y(t) is influenced by

V1 1 X1 X0 X_1 bO €1
)’2 - 1 X2 X 1 xO b | 62
: b,
€
In 1 An An—1 Ap—2 b 3 "t
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Topic 1: Finite iImpulse response modeling

Modeling (neural) system delays

Vi = b() +xb; + € y(t) is only influenced by Xx(t)
Y, = by + xp+x,_by+e y(t) is influenced by x(t) and x(t-1)

y, = by + x,b; + x,_b,+x,_>,b3+€ y(t) is influenced by x(t:t-2)

* This is a discrete equivalent of convolution (thus, the vector b is

y —_— b | e also called a "filter" or a "kernel").

* "Finite": Because we model the impulse response up to #delay.

<#Timepoints x 1> * "Impulse response”: A response to an impulse of a dynamic

<#Timepoints X 1>
. <[#delays+1] x 1> system

54
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¢): But does it work for the other
samples?




Kim, 2022, https://doi.org/10.3389/fnins.2022.928841 I —— @u ‘

Topic 2 & 3: Predictive modelling

Neural responses Neural responses

Music #1 /

g Weight fitting:
v‘j/’ - sv,p*
o B
B ——

FIR Delays

X, = &(S,)

FIR delays

X, =65

Model features 56 Model features


https://doi.org/10.3389/fnins.2022.928841
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- Still, how do we know if this is not
due to the random noise in the data?




Vg A

https://www.tylervigen.com/spurious-correlations MAX PLANCK INSTITUTE L\&f/l W)

The distance between Satu»~ ~=A tha Qi

_ Ringed Planet’s Orbit and Desire to Procreate: A Statistical Analysis
correlates with Show GenAl's made-up explanation

G Oog Ie Sea rCheS fOr . h oW 1 Fewer distractions from Saturn’s bling led to some out-of-this-world romance. Looks like love

Isn't the only thing that's been cosmic lately!

— 10.06

g Show GenAl image
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https://www.tylervigen.com/spurious-correlations

Topic 4: Statistical inference

Tests for time series

Many time series |look alike (i.e.,
spurious correlation) due to auto/
serial-correlation.

Non-parametric statistical tests
are feasible for any arbitrary noise
distribution with "proper” null
(surrogate) data.

Explicitly estimation autocorrelation
from finite (non-infinite) data is hard.

Preserving the dependency structure
(e.q., serial/spatial, ...) is rather easy.

Smoothness [Gaussian window size wrt the signal length]
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Summary: linearised encoding analysis

O
Response
—
I @ CV: opt & eval
Stimulus Model Features Prediction

G(S)

Feature extraction models V 8
- Music information retrieval Inference
- Computational musicology

- Auditory/music psychology
Null model Null feat. NuII pred
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Workshop plan

Building a 1,000-Song Naturalistic EEG Dataset

Part | From To Contents Dur

1 09:00 | 09:45 Introduction 45m
""""""""" > 1000 1045  Anaysis | 45m
""""""""" 5 1100 1145 Design | 4sm
""""""""" 4 1200 1245 ~ Management | 45m
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ManyMusic))’
motivation & design




Limitations of previous approaches

* Traditional neuroscientific approaches...
* used a small number of short musical excerpts (mainly classical),
o often compared with artificially manipulated stimuli (not without artefacts),
* relied on group-statistical analyses of averaged brain activity.

 Difficulties in applying to real-world music?
 Enormous dynamics and complexity of emotional experiences during
natural music listening [1]
» Variability of the music people hear, know, and like [2]
* Uniqueness of individual neural functioning [3]

[1] Cowen et al., 2020, PNAS [2] Park et al., 2019, Nat Hum Beh [3] Westlin et al., 2023, TiCS

64



Aims of ManyMusic’)/

o Stimulus: Full-length presentation of music in
diverse genres eliciting various emotions

« Measurement: Extensive sampling of subjective
experience of music-evoked affection in a
selected individuals to minimize individual
variability in the dataset

 Accessibility: Fully open-access dataset of
stimuli, computational features, and behavioural/
neurophysiological responses

 Expected outcome: Precise predictive
modelling of musical emotions

65
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Design and Components

Wl Jamendo
Music

270 Apple Music (copyrighted) + 810 MTG-Jamendo Music (open-access)

\ fMRI+
\msyd 17 sessions x 6 participants

6,120 min of 4-D images
k‘ ‘

==

% @@@*@@: N

4

66




Participant screening
Multiple steps to find the “Hero Participants”

 We need six music lovers who can do 34+ sessions.
e Online Screening Survey: N = 48 (3 weeks)
* Musical sophistication (G-MSI), musical reward (BMRQ), personality (10-
item Big-5), ...
e Online Structured Interview: N = 24 (2 weeks)
* Interest in music, high commitment, ...
 fMRI Screening Sessions: N = 12 (2 weeks)
» [est-retest reliability, high sensitivity to music, least head motion
* Final Selection: N =6
e A couple of musicians dropped out because of the scanner noise (even
after ANC) and the loud (>80 SPL) stimulus presentation.
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Six legendary champions

 Multicultural (German, Columbian,
Indian, Romanian) and multi-genre
classical, jazz, metal, rock, electronica,
POP

* 0% dropout after 11 months

* EXponentially increasing return bonus
4 to 100€) plus base rates

* Good relationship with participants

* Flexible scheduling (e.g., 2-3w
vacation

* Good selection and luck!

-
R v g e




Design and Components

| .,\\ | - > - . -~ @
HIPHOP y JAZZ N '\ POP ROCK .
< I A% v £ Wl Jamendo
._ ‘ | [ ) Music
- ’ s =

270 Apple Music (copyrighted) + 810 MTG-Jamendo Music (open-access)

17 sessions x 6 participants
6,120 min of 4-D images




Kim et al.,

[6] H. Strauss, J. Vigl, P.-O. Jacobsen, M. Bayer, F. Talamini, W. Vigl, E. Zangerle, M. Zentner, The
emotion-to-music mapping atlas (EMMA): A systematically organized online database of emotion-
ally evocative music excerpts, Behavior Research Methods 56 (2024) 3560-3577.

[12]

[13]

2025, HCMIR

MAX PLANCK INSTITUTE | &3 |
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Representative music datasets

Table 1

Representative previous datasets.
Discipline Dataset name #Tracks Duration #Genres Source Accessibility
Psychology  Film Soundtrack [12] 360 10-60 sec 1  Commercial Unclear
Psychology EMMA [6] 817 2-7 min 7 Commercial Copyrighted
Psychology = MUSIFEAST-17 [16] 356 30 sec 17 Commercial Open-access
MIR GTZAN [17] 1,000 30 sec 10 Commercial Unclear
MIR RWC [13] 215 3-7 min 10 Commissioned On-request
MIR FMA [14] 106,000 0-30 min 161  Community Open-access
MIR MTG-Jamendo [15] 55,094 0-30 min 95 Community Open-access

~

T. Eerola,] K. Vuoskoski, A comparison of the discrete and dimensional models of emotion in

-

music, Psychology of Music 39 (2011) 18-49.

M. Goto, H. Hashiguchi, T. Nishimura, R. Oka, RWC music database: Popular, classical and jazz

music databases., in: ISMIR, volume 2, 2002, pp. 287-288.

/1

[14] M. Defferrard, K. Benzi, P. Vandergheynst, X. Bresson, FMA: A dataset for music analysis, in:

ISMIR, 2017. arXiv:1612.01840.

[15] D. Bogdanov, M. Won, P. Tovstogan, A. Porter, X. Serra, The MTG-Jamendo dataset for automatic
music tagging, in: Machine learning for music discovery workshop, international conference on
machine learning (ICML 2019), 2019, pp. 1-3.

[16] H. A. van der Walle, W. Wu, E. H. Margulis, K. Jakubowski, MUSIFEAST-17: MUsic Stimuli for
Imagination, Familiarity, Emotion, and Aesthetic STudies across 17 genres, Behavior Research
Methods 57 (2025) 204.

[17] G. Tzanetakis, P. Cook, Musical genre classification of audio signals, IEEE Transactions on Speech
and Audio Processing 10 (2002) 293-302. doi:10.1109/TSA.2002.800560.



Open-access music refinement

MTG-Jamendo

e “Jamendo Music” platform

* Music Technology Group (MTG)
published an open-access music
dataset (freely available for research)

e 56,639 full-length tracks in 87 genres
(but heavily biased towards electronic)

(2

v (@) Jamendo Music | Free music X  +

% jamendo.com/?language=en

@) ) v [ Jsmendo Music | Free musi

G [0 ° mtg.gthub.iojmtg:

Metadata, script

The MTG-Jamer

We present the MTG-Jamendo
using music aveilable at Jamen
content uploaders. The datasel
genre, instrument, and mood/
researchers and report the per
of tags: genre, instrument, mo

This repository contains metad
dataset and reproduce baselin
1

@)
Qm 5
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# of tracks

Llﬂb\lkal I
easylistening [

expe rimental e
alternative D

orchestral i
Jazz e
lounge N
newage B
techno B
poprock |l




Kim et al., 2025, HCMIR
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Open-access music refinement

Music filtering

e Duration: 3—7 min
e | oudness: 5-95%
* Clipping artefacts

* Genre Activation = 0.1
for any of 18 genres

170 tracks per genre
centroid (k=12)

Integrated loudne
Track durations tegrat sS

1750 - 1750 -
1500 - 1500 -
1250 - 1250 -

- £ 1000 -

= 1000 g

2 S

750 - 750 1

500 A 500

250 1 250 ~

L T L 4 T 0 T T d T
0 1000 2000 3000 4000 -50 -40 -30 -20 -10 0
Duration (seconds) Loudness (LUFS)

Track duration histogram, The red ines represent the 3 and 7 minute thresholds Integrated loudness histogram. The red lines represent the S5th and -95th percentiles of the loudness distribution

Figure 1: Distribution of model predictions and original tags for the Full dataset and the Jamendo-A and
Jamendo-B subsets. Arousal and valence (A/V) predictions are grouped in the four positive/negative A/V quadrants.
K denotes the total number of unique classes in each case. See https://manymusic.net/stim/ for more information.

Genre predictions A/V predictions Genre tags Mood/theme tags Instrument tags
il "I ——
K=12 = K=295
=T
3 . -— |
=12 K=95
éE' II IIIIIII ill..lll-..____ IIIIIIII..I...IIIII--u_;___ IIIi..IIIl-
S Illln-.-._ .-_
K=12 K =94 K =50 K = 41
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N ManyMusic-stim N ManyMusic-stim D X

&« 95 C 2% onlineexperimenta.. @ Q 2 m & 5

€ > C % onlineexperiment... @ ¥ Q 2 m @ 3 | < | ‘ :

Online exp

Completion Pregress [
Completion Progress N

Find the music you want to listen to (1/3)

[never gorea x| Search

Unfamiliar This music sounds ... Familiar

Song Album

Never Gonna Give You Up  Whenever You Need Somebody
(2022 Remaster) {2022 Remaster)

Never Gonna Not Dance
Again

TRUSTFALL Moved, Touched, or I feel ... Bored, Disgusted, or

ManyMusic-stim x
¥ Engaged Disengaged

€ -5 C % onlineexperim.. & Yr &} |

Never Gonna (Radiwo Edit) Never Gonna - Single

Completion Progress 1N

Unprofessional This music sounds ... Professional
Never Gonna (Extended Edit) Never Gonna - Single P '

-
‘ Never Gonna A Solitary Man

Never Gonna Not Dance Again -
Single

Find the music you want to listen to Dislike it

Type song title, artist, or album J Search

o Never Gonna Be Alone (feat. L::;e':;o;:: :‘e’::‘:n;g:::).-
Lizzy McAlpine & John Mayer) Single . . . : .
Audio previews provided by @ Ap | Joyful, Amusing, or This music expresses ... Melancholic, Agitating, or
Other Positive Feelings Other Negative Feelings

Never Gonna Never Gonna - Single

Never Gonna (Be The Same) -
Single

N
ever Gonna (De The Some) Exciting, Stimulating, or This music s ... Calming, Soothing, or

Energizing Relaxing

Never Gonna Give You Up
(Pianoforte)

The Best Of Me: Never Edition

Please move the sliders above after listening to the music!

Contnue

Audio previews provided by @ Apple Music

Cancel
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Open-access music refinement

Selection validation

 Jamendo-A: N = 2599 e Suno-v4.5: N = 1280
e Jamendo-B: N = 1119 (3-raters) e Self-selected: N = 3 (per subject)

o Spotify previews: N = 2100

Professionalism Familiarity Perceived Valence Perceived Arousal Liking Being Moved

1
Jam-B/ 1_/_,0'\‘ |
Jam-Af | |
- 1 | l
Spotify f
potify 4 ‘r\

-1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1 -1 0 1

Figure 2: Ridgeline plots (190 participants, 4,600 ratings). Mean kernel bandwidth was 0.233 £ 0.197. White
vertical bars denote the 95% confidence intervals of the means. White circles denote medians.
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SOUND DEMO: MTG-Jamendo tracks

1000
¢ Self

800 | » Spotify
* Jam-A
600 | » Jam-B
* Suno

400

" ﬂi“\
Olu
1 > R CTGAER

Example MTG-
Jamendo tracks

professionalism

ity

1ari

-

-
. *
DDA R PR

Famil

e Most disliked Blues

d

e Most liked Blues

perceive

d

perceive

+

w vl

| ||H|Wm |

0.5 g
-1 ;{. : AN e a 3 E: [ G e e
-1 0 T - 0 17 -1 0 T - 0 1T -1 0 1 1
professionalism Familiarity perceived perceived liking moved

valence arousal
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Music selection
(Online task)




(| | (g™ )
MAX PLANCK INSTITUTE | | AT/
FOR EMP RICAL AESTHETICS \__-__,/ %wn. T/

Participant-selected music

GEMS (Geneva Emotional Music Scale): 9 emotions x 5 tracks

Wonder
Filled with wonder, Dazzled, Allured, Moved

Section 2 of 10
Transcendence
Fascinated, Overwhelmed, Feelings of transcendence and spirituality Emotion1: Wonder »
Power . _ . EN: Filled with wonder, Dazzled, Allured, Moved
Strong: Tnumphant, Energetlc: Flery DE: In Staunen versetzt, gebannt, gerihrt
Tenderness ES: Sentirse maravillado, deslumbrado, cautivado, conmovido

Tender, Affectionate, In love, Mellowed

Nostalgia

. . . Emotion1-Track1 (paste the link here
Nostalgic, Dreamy, Sentimental, Melancholic (p )

Peacefulness
Serene, Calm, Soothed, Relaxed

Short answer text

Joyful Activation

Joyful, Amused, Animated, Bouncy Emotion1-Track2 (paste the link here)

Sadness
Sad. Sorrowful Short answer text

Tension
Tense, Agitated, Nervous, Irritated

(C) Zenter

/8
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Experimenter-recommended music

Participants were to accept or reject recommendations.

Open Recent Project

o Sort tracks Jamendo (N=2599)
by the similarity to participant-
selected tracks

2 ® def short_intro(person): ® raduis=1
raduis = 1

raduis = 1
while not(all_done):

 Distance based on a music for target in target_tracks:
transtrmer mOdeI (MAES-D candidates = sort(distance[target])
suggestion = candidates[randint(radius)]
play(suggestion)
e For 45 targets, the search was response = input("Would you listen to this?")
continued until 45*3 tracks ') response == ‘yest:
List.append(suggestion)
were accepted. ¢ = max¢l, k/2)

else:
k = min(32, k%2)

-- INSERT -- 12:29 Python 2Z3 G = & ¢ I
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Overview of selected tracks (N=1089)

® Jamendo
» Apple

SOUND DEMO: MTG-Jamendo tracks

- @ Wonder

@ Transcendence

O Powel

- O Tenderness

O Nostalgia
O Peacefulness
© Joyful activation

@ Sadness
@ Tension
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Design and Components

Wl Jamendo
Music

17 sessions x 6 participants
6,120 min of 4-D images

-0—r3-
N




7

TTTTTTTTTTTTTTTTT &' \Fa > |
P RICAL AES =l

ZDF sketch of ManyMusic-EEG (2026)

https://www.zdf.de/video/reportagen/aspekte-106/musik-kraft-psyche-100

G [0 o5 zdf.de/play/reportagenfaspekte-106/musik-kraft-psyche-100 nstall B W R @ m 4 O <> = & i |

o~

aspekte
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Acquisition setting (EEG+)

32-EEG + 2-EOG + 2-fEMG + SCR + 3-ACC + PULSE + RESP + trackball

Electrode Names and Number Labels

actiCAP
CC(Cenap

. s | s

28 | FC6 CUEEG | 28 01

20| Fc2 JEEG | 29 0.1 :

30| F4 JEEG | 30

— % cc 121 EEG Channelsl 32
~ : (2

33|E0Gv  [ooBP |65 10

34|EOGh |ooBP |66 10

35[eEMGs  |oomP |67 10

B ENGE  loomp |62 10

37 | ST & cux | 73 1152.6

38| scr & oux | 74 152.6

39 | RESP & sux | 75 152.6

40| PuLSE  |@aux |76 [152.6

41| X & sux | 77 152.6

42|Y & v | 78 152.6

43|z & oux | 79 1526

l‘

UseBectmdePositionFil-J

AUX Channels 37-43:

AUX 13-15 (41-43):
XYZ Accelerometer

83

QQQ@Q

_II‘II -IIIQH

Bipolar Channels 33-36: |

1: EOG vertical (33):
Red = top = above Eye
White = bottom = below Eye

3: EMG smile (35):
Red = top = upper electrode
White = bottom = lower electrode

2: EOG horizontal (34):
Red = top = right Eye
White = bottom = left Eye

4. EMG Frowning (36):
Red = top = right side on forehead
Blue = bottam = left side on
forehead



oo erore (28) | (@
Acquisition setting (EEG+)

32-EEG + 2-EOG + 2-fEMG + SCR + 3-ACC + PULSE + RESP + trackballi
RN

65] EOGv+?
& [(67)EMGF-?

TR AT
‘ < N . ¥ - ,‘;,,"_ - ’ '
(73] STIM e =L

1\ | 165] EOGh+

[(67] EMGs+

[67] EMGs-

"'

e

1 GND: collarbone
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MAX PLANCK INSTITUTE & |
FOR EMP RICAL AESTHETICS

Standard protocol & practice

@ ® 5] MUSAFX-SOP . Cleaning W The “Package” | ByTyp +

NOtlon manual ® © ® JF] MUSAFX-SOP (@ Home (O [ & Q ¥ EXG . Cleaning @ +1 [Db Share & ¥

® © ® 5 MUSAFX-SOP M < ® Thet WHome O B & Q

£ Dataman: Negin

) °
QA Home O [ & Q ¥ EXG @ The"Pack; 'V W7 CIeanlng

_ £ Dataman: Elana
= taking-off

_ , ¥ Learning references E8 ByOrder = 0 ¢4 x Q =
f Dataman: Negin Tl £2 Dataman: Negin
& Dataman: Elana e £4 Dataman: Elana ¥ EXG Aa Name ® Tags := Location +
What to b .
¥ Learning references & Learning references b J Overall process [5 Turn off all computers (STIM, EEG, PARTICIPANT), Fireface driver Dry Chamber
¥ EXG B ByTy % EXG @ The “Package” Control
N G v AUX & Overall process ‘ Equip prep [5 Turn off all amps (green, yellow, blue), Stimtracker, speaker Dry Chamber
¥ The “Package” 2 | @ The “Package” & sticky elecs 'Y Put back the trackball Dry Chamber
& Equip prep @ . 4 Eqguip prep :ﬂ EXG layout Control
R sticky elecs I sticky elecs - “Take 1" €  Towel-burrito the precious EEG splitter box Dry Chamber
82 EXG layout 0 - 3¢ EXG layoul & It's done!
. » [B Bring all electrodes with the cap to PrepRoom & put back SCR, Dry Chamber
& “Take 1" w “Take 1" . Cleaning Resp belt, Pul imeter, 3-D
D1 esp belt, Pulse oximeter, 3-D sensor PrepRoom
@ It's done! . W ts done! ‘&' Training
<3 Cleaning D <3 Cleaning 'Y Turn off the chamber light Dry Control
-
W' Training B W Training Private 'Y Put remaining ECG electrodes back Dry WallDraw...
F New| € Al Skills
Brivars S D Put all the other stuff you brought back Dry WallDraw...
: 0 oy Tast PrepRoom
€ Alskills & Al Skills B
8 My Tasks v BIP My Tacle r\,(‘) Running out of free blocks B Detach EEG channels Wet prepRoom
You've used most of this
‘ 2 6’-6 e e e workspace's 1,000 free blocks @ Clean EEG cap Wet PrepRoom
6 Running out of free blocks You've usad most of this Upgrade plan -
You've used most of this )¢ workspace’s 1,000 free blocks @ Clean EEG elec bundle * (SPLITTER BOX!:2) Wet PrepRoom
workspace’s 1,000 free blocks | U de ol >
pgarade plan : .2
Upgrade plan = ‘ New chat 0 C/J % M Alece ol e a e VAo = — T
D1 0
_ : New chat 20 7 )
New chat 0 v © wena G 0 S




O\

MAX PLANCK INSTITUTE % |

Efforts for consistency
EEG pigtail, labels, the “correct” order, ...

$2 Sticky elecs

The order is a suggestion, not a strict rule, for convenience for the experimenter and participant. Read .
Brain Products Brain Products' actiCAP active Electrodes Walkthrough

88 ByOrder = It ¢ X Q &

# Order Aa ToDo ® ChType

1 #M Respiration belt: chest AUX
2 W Towel over the shoulder EEG
3 & Puton the EEG cap (TIGHTLY while comfortable) EEG
4 @ EEG gelling: GND, REF, and Fz wf impedance check FEG
5 @ SCR: electrodes on the left middle & ring fingers AUX
6 ¢ Facial skin prep EEG
7 % EXG-GND: collarbone(right) BIP
8 @ EOGs: horizontal, vertical-left(stick and gel with two people) BIP
9 @ EMGs: smiling, frowning BIP

10 9 PULSE: left index finger AUX

11 @ SCR: connect the electrodes AUX

12 1Tl 3-D Acc: YELLOW-21 [CPZz], cable in the air! AUX

New page
New chat 320 ' ‘ % ¢ ownrae 2‘\

87



What participants do

Every week, for <3 hours

 Consent form

 PANAS (positive & negative affect schedule):
20-items describing daily mood (e.g.,
annoyed, bored, excited, ...)

* Testing run (15 sec)

* Music listening runs (3—7 min) [x9-13]

e (Cued artefact mapping)

» (Resting with eyes open/closed)

88
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FOR EMPRICAL AESTHETICS L / Q

Music listening run

Intensity of
Overall Emotions

aln
nen

* Participant presses button to start

* Continuous rating of liking while listening to
music

* QOverall ratings [1-4]: "Intensity of Overall
Emotions”, "Absorption to or Immersion in
Music"”, "Enjoyment and Liking", "Goosebumps
or Tears”, "Familiarity with the Music Style"

 GEMS ratings [1-4]: Wonder, Transcendence,
Power, Tenderness, Nostalgia, Peacefulness,
Joyful activation, Sadness, Tension

89



What we do during acquisition

 Make logs for each run.

o See if anything is flatlined or too noisy,

fix it before the next run.

* Notice if the participants are behaving

(hot moving too much, not sleeping, ...)

 Take short breaks if participants need.
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Repair notes

https://manymusic.net/rec/repairs.html

* Problems with the audio source
e 3 tracks were in different sampling rates x my bug in the code
* /X2 tracks were identical but with different track-IDs
 NIRCMD memory leakage
 Hot temperature in the EEG chamber (~April 2026)

94


https://manymusic.net/rec/repairs.html

Repair notes

https://manymusic.net/rec/repairs.html

 Noisy FC1 & FC2 for two subjects

Smaller caps, monitoring & gelling
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Any questions so far?



MAX PLANCK INSTITUTE £ 4,.: 'll\:]~
FOR EMP RICAL AESTHI N S| N/

Workshop plan

Building a 1,000-Song Naturalistic EEG Dataset

Part | From To Contents Dur

1 09:00 | 09:45 Introduction 45m
""""""""" > 1000 1045  Anaysis | 45m
""""""""" 5 1100 1145 Design | 4sm
""""""""" 4 1200 1245~ Management | 45m
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102 sessions over 5 months

Too many or too few?

sub-01-® @ ' e © o oo e o0 ' e © o - -
sub-02-@® @ ® © © © o o o ¢ o o o o ® o o -
sub-03-@® @ ® © © o © o o o o o o ® o o o -
sub-07+® @ ® O o o o oo & ¢ o o ® o o

sub-09- ®® ® © o o o ®® © © o o o o o o -
sub-10- ® @ . ® co ® co o 00 @ e 0o o o . ®—

Jan 2026 Feb 2026 Mar 2026 Apr 2026 May 2026
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Daily monitoring pipeline

Development process
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- Mobile, desktop, ...

MPIEA Intranet Automatic pus7 \
BrainVision EEG data

PsychToolBox log files

Curry localiser data

Import Prep1 Prep?2

Daily monitoring pipeline

EEG computer/

MPG cloud EEG StimTrack sync ICA man
ol il b Bhv ASR+ICA Filtering
Physio

This laptop (M1X) -> HPC triggered by CRON
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e Cued-artefacts

* Resting state

 Same song at the end of all sessions (Bohemian rhapsody)
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Cued-artefacts




Cued-artefacts mapping

Trackball tracing

e Q: What are the trackball-control-related EXG artefacts?
e https://manymusic.net/rec/pages/tracing/parent.html



https://manymusic.net/rec/pages/tracing/parent.html

Cued-artefacts mapping
Do <TASK> on beeps

e Q: What are the influence of artefacts to EEG?

e Frowning, jaw clenching, nodding, heavy breathing, foot
tapping

e https://manymusic.net/rec/pages/artefacts/artefacts.html



https://manymusic.net/rec/pages/artefacts/artefacts.html
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e Q: how different i1s music listening from resting (w/ eyes
open/closed)? (e.g., neural oscillation; or micro-state)

e https://manymusic.net/rec/pages/resting/resting-
microstates.html

o Kalburgri+ (2024) MICROSTATELAB. https://doi.org/10.1007/
s10548-023-01003-5



https://manymusic.net/rec/pages/resting/resting-microstates.html
https://manymusic.net/rec/pages/resting/resting-microstates.html
https://doi.org/10.1007/s10548-023-01003-5
https://doi.org/10.1007/s10548-023-01003-5
https://doi.org/10.1007/s10548-023-01003-5
https://doi.org/10.1007/s10548-023-01003-5
https://doi.org/10.1007/s10548-023-01003-5
https://doi.org/10.1007/s10548-023-01003-5

Bohemian rhapsody for reliability check

e Q: Are the multiple EEG+ sessions consistent across time?

e https://manymusic.net/rec/pages/bohemian/bohemian.html



https://manymusic.net/rec/pages/bohemian/bohemian.html
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Exercises: does daily mood affect musical emotion?

CSV table: https://s.gwdg.de/WbbzvP

e RQ1: Are there any associations between PANAS and aggregated
ratings (e.g., GEMS, liking, ..)?

e RQ2: Are there any associations between PANAS and average
physiology during the session?

e RQ3: Are there any seasonal influences on PANAS?

o RQ * : O r a n y O t h e r RQ S ? . @ Downloads — ¥ Claude Code — claud... ® © ® Downloads — Downloads — codex » node_repl —...
o m sonnet 5 - C\llil:li:;io
e <Use any stat model 1in I - /pountosds grt-s-astra tow  foode
any -Language (Or any agent)> Image in clipboard - ctrl+v to paste

This is GPT-6, W g T of
) I intelligence. Astra is state-of-the-art in
ding, pute , Scie d professional
; work. Gi a hard problem, half-formed ide
»» auto mode on (shift+tab to cycle) or anything you've been meaning to build. See



https://s.gwdg.de/WbbzvP
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data.csv
e DEMO: subId, sesId, runId, runDate

e PANAS: panas * |[interested, distressed, excited, upset, strong,
guilty, scared, hostile, enthu51ast1c proud, 1rritab1e, alert,
ashamed, 1nsp1red nervous, determlned, attentive, jittery,
active, afraid] 1=min, 5=max

e GEMS: gems * [Wonder, Transcendence, Power, Tenderness, Nostalgia,
Peacefulness, Joyful activation, Sadness, Tension]; 1=min, 4=max

e RATINGS: rating * [Intensity, Absorption, Liking, Goosebumps]
1=min, 4=max

e PHYSIO: heartRateMean bpm, heartRateStd bpm, respRateMean bpm,
respRateStd bpm



Thank you
for your
attention!




